Transcranial random noise stimulation (tRNS) has been used to improve cognitive 9 performance in patients and healthy individuals in different domains. It is therefore 10 considered as a promising method for cognitive enhancement and rehabilitation. 11
Introduction 33
The aim to improve human behaviour in health or disease is shared by scientists in 34 different disciplines, including psychology, neuroscience, medicine, and engineering.
35
One of the main techniques is cognitive training, which encompasses myriad 36 paradigms, regimes, and techniques, and has been applied to improve performance in 37 a range of cognitive domains both in normative populations (Brem et 
53
Given its higher perceptual threshold compared to other forms of tES with higher 54 amplitudes required to detect the application of stimulation, it is easier to create viable 55 sham conditions (Ambrus, Paulus, & Antal, 2010) . Furthermore, tRNS has been 56 reported in several studies to yield a stronger effect than anodal transcranial direct 57 current stimulation (Fertonani, Pirulli, & Miniussi, 2011; Inukai et al., 2016;  58 Simonsmeier et al., 2018) . Combined, these studies suggest that tRNS is a promising 59 form of neuromodulation for improving complex cognition. 
Participants 119
Eighty-one participants (44 females, mean age = 23.7 years, SD = 5.03) were asked to 120 complete a two-day arithmetic learning paradigm in a study investigating the effects 121 4 4 of tRNS stimulation on learning. Participants were excluded if they had a previous 122 history of neurological disorders, a family history of seizure disorders, metal implanted 123 in their head, had previously undergone a neurosurgical procedure, or had received 124 any other form of brain stimulation in the past week. Participants were also requested 125 to refrain from alcohol (for the past 24 hours) or caffeine (in the hour leading up to the 126 study), and to have gotten at least 6 hours of sleep the night before their testing 127 sessions. Four participants were removed during the collection process: 1 due to 128 software failure, and 3 due to not returning for a second day of testing. During 129 analysis, 7 participants were removed because they did not provide enough clean EEG 130 data for analysis, and 1 participant had a corrupted EEG file. Final comparisons were 131 carried out on 69 participants. 132 133
Arithmetic learning task 134
In each trial, participants were presented with a fixation cross (1000ms) before seeing 135 a multiplication problem, which was left up until the participants responded.
136
Participants responded via a microphone in front of them to measure reaction times 137 (RTs), and then via a keyboard to evaluate correctness. If participants realised their 138 answer was wrong following their verbal response but before their typed response, 139 they were asked to type in their verbal response anyway. Following their typed 140 response, they received feedback for 2000ms (Figure 1 ).
141
Each multiplication was a two-digit number multiplied by a one-digit number 142 resulting in a two-digit number (see Table S1 ). Neither of the operands included a 0 or 143 a 5, nor were there operands with identical digits. Participants completed 18 blocks, 144 and each block was comprised of the same 8 multiplication problems presented in 145 random order. After each block participants reported how much they used retrieval 146 vs. calculation in that block. At the end of the first day, participants were asked to 147 report on whether they received active or sham stimulation. Though not analysed here, 148 as it is beyond the scope of the present study, participants returned for a second day 149 of testing.
150
Analysis was carried out on the accuracy and median reaction time for correct 151 responses, and their report of the chosen strategy (retrieval vs. calculation).
153

tRNS 154
Participants were assigned to a stimulation condition using a variance minimisation 155 algorithm based on their baseline arithmetic abilities (Sella, Raz, & Cohen Kadosh, 156 submitted), which aims to allow better matching between groups in comparison to 158 active high-frequency tRNS (100-500Hz) on the first day of the experiment (Figure 2 ).
159
Stimulation was generated using a StarStim R32 (Neuroelectrics, Barcelona, Spain) and 160 delivered via Ag/AgCl electrodes with 3.14cm 2 surface area and carried to the scalp by 161 conductive gel. tRNS was delivered over F3 and F4 according to the 10-20 system, 162 with an amplitude of 1mA peak-to-peak for a duration of 20 minutes, beginning with 163 the start of the arithmetic learning task. The tRNS had a ramp period at the beginning 
Analysis 243
Behavioural analyses were conducted using Bayesian multilevel models run via 244 the brms package (Bürkner, 2017 (Bürkner, , 2018 in RStudio (Rstudio Team, 2016). Models 245 were run (see Table 1 for the list of models) and compared using stratified 10-fold 246 cross-validation. The best model is the one with the highest (closest to zero) expected 247 log pointwise predictive density (elpd). For the RT, accuracy, and calculation/retrieval 248 analysis, weakly informative priors were selected for both the intercept and the b 249 coefficients (normal (0,1)), and each model was run with 4 chains of 12,000 iterations 250 (6,000 iterations being warmup). 
RT 283
As there were no time constraints on participant response, participants were able 284 to take as long as needed to ensure an accurate answer. In such cases, we would 285 expect to observe the effect in the reaction time data rather than the accuracy data 286 (Pachella, 1974; Snowball et al., 2013) . The results of the model comparisons revealed 287 that the three-way interaction model (median reaction time ~ stimulation group * block 288 9 9 number * baseline reaction time) was the most favourable according to the elpd value 289 (Table 1) . The results of the Hamiltonian Monte Carlo (HMC) chain traces and the 290 graphical posterior predictive checks (PPCs) indicated that the models converged 291 successfully and that posterior sampling produced data that were a reasonable 292 approximation of the actual data (see supplementary Figure S1 ). Visualisation of the 293 marginal effects of the interaction terms (95% HDI values [0.001, 0.005]; see Figure   294 3) suggested that tRNS induced differences in reaction times during the training, with 295 a greater increase in reaction time as the block number increases in participants who 296 exhibited faster reaction times at baseline. There also appeared to be a similar, but 297 reduced, effect for participants with an average baseline reaction time. This suggests 298 that tRNS was more beneficial as participants' baseline reaction time was faster.
300
Response 
Calculation/retrieval results 324
Similar to the RT results, the most favourable model was the model with the three-325 way interaction (see Table 3 ). However, similar to the results for accuracy, the most 
383
However, this noise could be removed, leading to a spectral profile largely comparable to sham.
385
ERP results 386
Following the successful removal of the tRNS artefact, ERP plots of the tRNS-387 removed data from two midline sites revealed two main differences between the active 388 and sham tRNS groups. First, over frontal sites, an early negative potential, peaking 389 100ms following stimulus presentation, was greater amongst the active tRNS group 390 compared to the sham group. Notably, this difference was not seen following the 391 presentation of a fixation cross (Figure 7) . This indicates that the effect is specific to 392 stimulus presentation, rather than a general tRNS-induced artefact, and highlights 393 our success in removing the tRNS-induced artefact. 
485
In contrast to the RT data, neither participants' accuracy nor participants' reports 486 on how much they used a retrieval vs. a calculation strategy appeared to differ 487 substantially between stimulation groups over the course of the study. Instead, task-488 based (such as block number) effects and individual effects appeared to lead to the 489 greatest changes in these two measures. As we would expect, participants' 490 performance improved, and participants depended more on retrieval than calculation 491 in the latter part of the task. Moreover, retrieval was more common amongst 492 participants who demonstrated greater performance at baseline. By comparison, 493 individuals demonstrating lower performance at baseline were more likely to rely on 494 calculation during the earlier blocks than the high-performance individuals. This is 495 consistent with the RT data as we would expect individuals relying on calculation to 496 respond more slowly when solving arithmetic problems. It should be noted, however, 497 that as participants were given as much time as needed to answer questions, accuracy 498 may not be the most sensitive measure for identifying differences between stimulation 499 groups.
500
Together, the results suggest that tRNS might be increasing calculation speeds as 501 training is progressing, mainly in those with better arithmetic performance at baseline.
502
Alternatively, tRNS might impact another set of cognitive processes that support 503 mathematical learning.
504
To understand the neural mechanisms underlying the effect of tRNS on cognitive 505 training we effectively removed the tRNS artefact from the concurrently recorded EEG 506 activity using ICA. When looking at the time-domain data, we note that the lack of 507 difference between the stimulation data when the tRNS artefact is left in and when it 508 is removed fits with our expectations. This is partially because the ongoing EEG signal 509 underwent a band-pass filter to remove the highest power frequencies of the tRNS 510 signal. Additionally, the grand averaging procedure used to create ERPs acts as a low-pass 511 filter further attenuating the high-frequency tRNS. This was confirmed when 512 investigating the standard deviation of the ERPs as the amount of variance in the data 513 was considerably larger when the tRNS artefact remained in the data than when it was 514 removed.
515
Similarly, the tRNS artefact removal appeared successful in the frequency domain.
516
Prior to tRNS artefact removal, the EEG data were characterised by large peaks in the 517 spectra at approximately 30Hz and every 10Hz following (aside from 50Hz), which were 518 removed from subsequent ICA, leading to a periodogram similar to that seen in the 519 sham group. This indicates that ICA can be used to clean up both the time and 520 frequency domains, though if the analysis of interest is purely focused on average in 521 the time domain, the ICA may not be necessary. Our suggested procedure allowed us 522 to remove substantial differences between the sham group and the active tRNS group 523 due to the tRNS artefact. Such a procedure allowed us the sensitivity to detect 524 differences between the online and offline spectral activities, which were significant 525 after the tRNS artefact was removed. The 95% HDI values for the parameters suggested that only the online 813 period ([-2.79, -1.54]) and the interaction between the online period and 814 baseline RT ([-0.26, -0.0001]) had a notable impact on whether participants 815 were more likely to report using calculation or retrieval. Specifically, the offline 816 period was associated with greater retrieval than calculation compared to the 817 online period, and individuals with higher baseline RTs were more likely to 818 depend on calculation in the online period (at the beginning of the task) than 819 those with lower baseline RTs. 820 821 
